Monte Carlo evidence has shown that simple, misspeciøed discrete choice models for referendum contingent valuation data can lead to good estimates of mean willingness to pay (WTP). Empirical studies have found that estimates of mean WTP derived from simple parametric models often dioeer little from those derived from nonparametric methods. This seems to indicate that simple models can yield WTP estimators that are relatively unbiased. This note shows that it is possible to estimate mean WTP consistently using a very simple logit model, regardless of the true form of the bid acceptance probability, provided that the survey bids are drawn from a uniform distribution.
Monte Carlo evidence has shown that very simple and seriously misspecified discrete choice models for referendum contingent valuation data can lead to quite good estimates of mean willingness to pay (WTP) for environmental improvements [1, 3, 7] . Empirical studies have found that estimates of mean WTP derived from simple parametric models often dioeer little from those derived from nonparametric estimation methods, after marginalizing out any conditioning variables [2, 3, 8] . Since nonparametric methods should at least be consistent, the similarity of WTP estimates is an indication that simple parametric models can lead to WTP estimates that seem to be relatively unbiased.
This note provides a theoretical explanation for these observed facts. It shows that it is possible to estimate mean WTP consistently using a very simple logit model, regardless of the true form of the bid acceptance probability. This requires using a sample design that selects bids randomly from a uniform distribution. While it is known that a uniform design is not optimal in an eOEciency sense when the correct specification is known [1, 2, 6] , this paper argues that moving in the direction of using a uniform design provides a sort of insurance policy against speciøcation errors. Abstracting from other problems that can aoeect CVM studies, the paper's result implies that the results of logit CVM studies based on models that are known to be misspeciøed (such as models that do not bound WTP by income) will still be reliable as long as the bid design used is approximately uniform. There is a substantial historical body of studies to which this applies.
The ørst section presents the theoretical results and the second contains some examples that, among other things, provide some information on how close the bid design must be to uniform in order for bias in estimated WTP to be successfully controlled.
Theoretical results
A simple description of the referendum contingent valuation (CV) method is as follows. Individuals are asked if the would pay an amount A for provision of a project. It is assumed that the project is a good for all consumers. Indirect utility in the base case (no project) is v 0 (m, z) + ε 0 , where m is income and z is a vector of other variables such as prices, personal characteristics, etc. After provision, utility is v 1 (m, z) + ε 
Deøne ε = ε 0 − ε 1 , let w collect m and z, and let ∆v(w,A) = v 1 (m − A, z)−v 0 (m, z). Deøne y = 1 if the consumer agrees to pay A for the change, y = 0 otherwise. The probability of agreement is
where F ε is the distribution function of ε. To simplify notation, define p(w, A) ≡ F ε [∆v(w,A)] . As discussed by Hanemann and Kanninen [6] , who provide additional references, mean WTP conditional on w is given by
Since WTP is bounded by income, there exists some A * such that p(w,A * ) = 0. With this, an equivalent expression for WTP is
In this note, the quantity of interest is expected WTP unconditional on the covariates, w. This is a measure that is often reported by empirical studies, and it can be justified by appeal to the Kaldor-Hicks compensation principle (see [6] for further discussion). Unconditional mean WTP is found by marginalizing out w:
where f w (·) is the joint density function of w. The order of integration can be changed to get
This shows that integrating the marginal probability of bid acceptance is another means of obtaining the unconditional mean of WTP. An important point is that p(A) may be a function of complicated and unknown form, since it depends upon the utility functions in the two states, the distribution of ε, and the distribution of w. Any given parametric speciøcation of p(A) is likely to be misspecified in some way.
Suppose one proposes to approximate this probability using
, and Λ(z) is the logistic distribution function
This is a simple logit model, which has been extensively studied in the literature [6] . It is certainly misspecified, simply on theoretical grounds. First, it allows for the possibility that utility after provision is less than utility before provision when the bid level is zero, which conflicts with the assumption that all consumers view the change as beneficial when it is free. Secondly, this model implies a positive probability that WTP is greater than income. Thus it is clear that f(A, θ) is misspeciøed for p(A). Nevertheless, mean WTP can be estimated consistently based upon this misspecified model. Suppose there is a sample of n observations indexed by i. The quasi-maximum likelihood (QML) estimator,θ, is the maximizer of
This is referred to as a ıquasi ML estimator because it is assumed that f (A, θ) is misspeciøed for p(A). If it were correctly speciøed,θ would be the ordinary ML estimator. Under weak technical conditions detailed in Gallant [5] , for example, which we assume but leave unstated, one can show thatθ almost surely to the θ 0 that maximizes the uniform almost sure limit of s n (θ). This limit is
where µ(A) is the density function from which the proposed bids are drawn (this is under the control of the researcher). The maximizing element θ 0 solves the ørst order conditions
Due to the specific form of f (A, θ 0 ) in the case of the logit model, this can be simplified to
This is a 2 × 1 vector, since it contains derivatives with respect to α and β. The first of the equations, corresponding to α is
Next, define the estimator of mean WTP as the integral of the estimated acceptance probability using the misspecified model:
where we account for the fact that WTP is a priori known to be bounded by A * . The main result of the paper can now be stated.
Proposition 1
If the sample bids are drawn randomly from the uniform distribution over [0, A * ], then C + converges almost surely to true mean WTP, C + .
To prove this, ørst note that convergence ofθ to θ 0 and the continuity of f (A, θ) imply, by the Slutsky theorem, that
Next, note that µ(A) = (A * ) −1 when the bid density is U [0, A * ]. Equation (4) becomes
A * is a constant, so it can be taken outside the integral and divided out to give
Equations 5 and 6 imply almost sure convergence of C + to C + . It is important to note that f (A,θ) must be integrated only up to A * , which is a bid such that p(A * ) = 0. This does not mean that f (A * ,θ) will be zero. Also, the result has been proven only for logit models. It does not apply to probit models, for example. It is straightforward to show that the proposition also holds when covariates are included in the specification of f (A, θ), but this has not been done here since the notation becomes fairly confusing. McFadden [9] brieAEy notes a related robustness result for open-ended CVM responses.
On the face of it, the proposition states that mean WTP can be estimated consistently using the simplest possible logit model, regardless of the true form of the bid acceptance probability, if a certain bid design is used. However, the message of the paper is not that we should intentionally fit overly simple and clearly misspecified models, since efficiency issues are also important. The practical importance of the result is that, for CVM applications that use a bid design that is reasonably close to a uniform design, statistical misspecifications of the model are unlikely to lead to large biases. In other words, an approximately uniform bid design is an insurance policy against misspecifications of the model. For example, the simple logit model as above is definitely misspecified since WTP is bounded by income. Historically, there are numerous CVM reports based upon the simple logit model, often with additional covariates. The result says that we can still trust the results of those studies, provided that their bid designs were approximately uniform. This won't apply to all of the historical studies, but it does apply to a signiøcant proportion. The Monte Carlo experiment reported below is of very limited scope, but it does give some indication of how close a bid design must be to uniform for the paper's results to be applicable.
Selection of the bid design has been studied by a number of authors, including Alberdini [1] and Cooper [2] . These studies have dealt with bid design for correctly specified models, though they have informally discussed the case of misspecification. General conclusions that one might make from a reading of this literature, as well as additional references, are given by Hanemann and Kanninen [6] . They conclude (pg. 42) that extreme bids should be avoided, since they can lead to efficiency losses, and that the number of bids used should be six at a maximum. The use of U[0, A * ] as the bid design, which uses the maximum possible number of distinct bids and which uses bids in the tails of the WTP distribution, might be suspected to lead to a large variance in estimated WTP. Furthermore, it may not be necessary to go to the extreme of using a uniform bid distribution in order to successfully limit the bias of a misspecified model. The next section explores these issues using two examples.
Illustrative examples
This section reports analytic and simulation results on the eoeects of various bid designs on the performance of the WTP estimator based on the simple logit model. Only two examples of an illustrative nature are presented, since a comprehensive treatment for arbitrary p(A) is clearly infeasible.
The first example uses the true bid acceptance probability p(A) shown in Figure 1 , which also shows the logit probability f (A, θ 0 ) when evaluated at the logit parameter's probability limit, θ 0 , based upon two alternative bid designs, which are discussed below. The true mean WTP is C + = 3.07, and the true median WTP is C * = 2.42. The true probability of bid acceptance reaches zero at 5.29. I set A * = 6.0.
Figure 1 about here
Four bid designs are considered. These are noted in Table I . The first design is intended to illustrate what can happen if one takes results on optimal bid design that hold in the case of correct specification too literally, and in addition is unlucky in setting the bids. This design has only two points, on either side of C + . Both are higher than C * , but the lower bid is quite close. The forth design is the uniform [0, A * ] that leads to consistency, and designs 2 and 3 are intermediate cases. Table I about here   Table II reports asymptotic results for the various bid designs. The results reported are the probability limit of the logit estimator of C + for each of the bid designs, the asymptotic biases, the asymptotic bias relative to true mean WTP and the asymptotic variance. Probability limits are obtained by numerically maximizing equation (3) for each bid design. With this, the formulae given in the Appendix can be used to calculate asymptotic variances. These results confirm the previous theoretical results regarding consistency. The uniform bid design (Design 4) leads to a consistent estimator of mean WTP, since asymptotic bias is zero. The two point design (Design 1) does poorly. This is because there is a region where p(A) is quite flat, as can be seen in Figure 1 . Both of the bids of Design 1 are in the AEat region. With a two point design, all weight in the QML limiting objective function is placed on the model's fit at these two points. Since the logit model has two parameters, it can fit perfectly at the two design points, as is seen in Figure  1 . The effect of this that f(A, θ 0 ) is too flat, and this leads to a very large asymptotic bias in estimated mean WTP, relative to the other designs. It also has a larger asymptotic variance. Designs 2, 3 and 4 place weight more or less uniformly over the entire range of bids, and thus are not seriously aoeected by the flat spot. There is some evidence of increasing asymptotic variance as more bids are placed in the extremes of the distribution of WTP, but the eoeect is not excessively strong. Table II about here A Monte Carlo study was also conducted to examine the bid designs' finite sample biases and variances. For each of the above bid designs, 3000 samples of 600 observations were generated. Table III reports statistics associated with the logit estimator of mean WTP, for each of the sample designs. These are the mean, bias, relative bias, variance, RMSE, and RMSE relative to true WTP. In addition, a fifth sample design which is uniform on [1, 5] was used to see if exclusion of extreme bids leads to efficiency improvements. This design excludes the region where p(A) is equal to zero. Table III about here As can be seen in the table, the uniform [0,6] design performs best in terms of RMSE for estimation of mean WTP. It's freedom from bias is the deciding factor, since all the other designs have significant biases. Also, it is interesting to note that avoidance of extreme bids does nothing to reduce the variance of the estimator. In fact, Design 4 has the minimum variance.
Finally, there are some interesting dioeerences between the finite sample and asymptotic results. For example, Design 4 is clearly the best performer in the finite sample, but it has the second largest asymptotic variance. Design 2 is the best performer asymptotically, being almost unbiased asymptotically and with a low asymptotic variance, but it has a notable small sample bias. This may be due to the fact that while the true bid acceptance probability drops ooe rapidly after A = 4, this design includes no bids larger than A = 4. Design 4 is unbiased both in small and large samples. Note that if one wishes to compare Monte Carlo and asymptotic variances, the asymptotic variance must be divided by the Monte Carlo sample size of 600 observations. If one does this, if will be seen that the Monte Carlo and asymptotic variances are fairly close in general.
This ørst example uses a true p(A) that is a bit odd. Also, A * was set fairly close to the value of A that sets p(A) = 0, so one might argue that the effect of including extreme bids may be understated. A second example is based upon the p(A) that is seen in Figure  2 , which also shows the limiting f (A, θ 0 ) corresponding to two different bids. In this case true mean WTP is C + = 1.55 and true median WTP is C * = 1.33. The distribution is considerably less skewed than in the ørst example, and doesn't have any odd shape. The acceptance probability at A = 0 is 1, as required, and p(A) tapers smoothly down to zero as A increases. The bid that sets p(A) = 0 is A = 4.0. Again, A * is set to 6.0. This example is intended to be more realistic than the first.
Figure 2 about here
The bid designs are as before, except now Design 1 places 50% of the bids at 1.0 and 50% at 2.0. Now the bids are on either side of both C + and C * . This is done to favor the performance of the 2-point design, whereas the previous example explored a pathological case. Table IV reports asymptotic results for this experiment, and Table V has Monte Carlo results, again using 3000 replications of samples of 600 observations. Table IV about here The most striking result is that all bid designs perform more or less equally well, both asymptotically and with the finite sample. Design 4 is unbiased both asymptotically, as according to the theorem, and also in the finite sample. Again there is evidence that bids in the extremes of the WTP distribution increase the asymptotic variance, but the effect is not excessively important, especially considering that Design 4 places 33% of the bids where the probability of bid acceptance is zero. In the finite sample the effect is even less noticeable..
Conclusions
The main theoretical result of the paper is that it is possible to estimate mean WTP consistently without knowledge of the form of the distribution of WTP. No sophisticated nonparametric methods are required: a simple logit model is sufficient as long as the bid design is uniform. From a practical point of view, one probably would not want to use a uniform bid design and then estimate a simple logit model that is known to be misspecified, since there is likely to be an efficiency loss. What this paper shows is that a uniform bid design can act as an insurance policy against misspecifications of the model. How far to go in the direction of using a uniform bid design depends upon the degree of conødence in the model's specification. On a related point, when there is little confidence in the model's specification one might to decided to abandon the parametric approach, and use nonparametric estimation methods instead. Successful application of nonparametric methods also requires that a wide range of bids be included in the sample.
Simple logit models can perform well in spite of misspecification, and this may explain the stylized facts noted in the introduction. Abstracting from problems other than statistical issues, there are motives to place confidence in the results of empirical studies that use simple logit models, if the bid design is approximately uniform.
Appendix
This appendix provides formulae that can be used to calculate the asymptotic variance of C + . They require knowledge of the true response probability p(A), so they are useful only in a Monte Carlo context. Following available results on the QML estimator (the notation used here follows Gallant [5] , Chapter 3), the QML estimator is asymptotically distributed as
where
and
Expectations are first over y conditional on A, then over A. The function s(y, A, θ 0 ) is defined in equation (2) . We have
where x = ( 1 A ) , as before. This leads to
To simplify notation, define
When evaluated at θ 0 , this gives true mean WTP. That is, g(θ 0 ) = C + . When evaluated atθ we obtain the QML estimator, C + . Using the delta method ( [6] , equation 53), the asymptotic distribution of the QML estimator of mean WTP is
A bit of work leads to
Having calculated θ 0 by maximizing equation (3), one can calculate the asymptotic variance of estimated C + using equation (10), where the components are given in equations (8,9 and 11). Uniformly spread over 0.0-6.0 
